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OPENING

Thispaperhas tw o cbjectives, sharing the results of on-going evaluations of survey sam pling and

In putation m ethodologies and collecting feedback and suggestions for refining existing results and

In plem enting future work . W e are using publicly available electricity generation m icro-level data and
cunent in putation m ethods to test if data cleaning technigques and m icroeconom ic theoretical concepts
can be used to:

1. Inprove the accuracy of currently used survey sam pling and in putation m ethods; and
2. Tmpmve the consistency of the tim e series processes these survey aggregates represent.

Th addition to this, w e are evaluating how to use and com pare altemative In putation m odels and
param eterestim ates across sam ple years to test:

1. A lfemative soatfication and estm ation m odels; and
2. A lfemative estin ation m ethods.

The optim alm odel specification derived from the second setof bullets is then used to test if structural
change in the electric Industyy can be characterized via the In putation m odel’s estim ation param eters.
Som e prelin nary exam ples are shown in part ITbelow .

W hile m onitoring real-+tim e data, I theory, can prevent shortterm m arket trends that are unsustainable m
the Jong=m *, m onitoring m id-and Jong+em trends is necessary for the prevention of w astefill over-
Tvestm entof scarce resources orunsusamable long-tem trends of high prices due to chronic under
nvestm ent.

This paperproposes techniques forhow to bestanalyze and prepare Inputdata used in the estim ation of
sate-level electricity dem and estim ates Part 1), and altermative w ays to In prove the estim ation accuracy
of inplem ented m odels (Part II) . Part Iand an ntroduction to part ITw ere presented during the 25™
annualN orth Am erican Conference of the USA EE /IA EE . The cunentversion of the paperbenefits from
additionalw ork In part ITand constructive lessons and com m ents received during the N orth A m erican
Conference of the USAEE /A EE and from a referee representing the A SA Comm ittee on energy
Satstdcs.

Part Idescribes tw o sections of ouranalysis. First, w e show how data preparation techniqueshave a
profound effecton the consistency of tim e series data. Second, w e show how m icroeconom ic theory
could be inserted Into survey sam pling and In putation t©:

1. Inprove the accuracy of m onthly estin ated of aggregated dem and ; and
2. Tnpmove the consistency of tim e seriesdata.

Part IT show s prelim nary w ork In the in plem entation of cross-sectionalm odeling nto survey sam pling
and In putation. Three closely ntertw Ined satistical and econom ic issuesm otivate this effort:

1. D ifferentiating betw een regional seagonality and econom ic grow th;

2. Statfication analysis; and

3. Thterestin defining if there hasbeen a palpable effect on the electric Industyy afterderegulation
I som e states.

! Forexam ple: A nalysis of Califormia’s transaction data real tin e concluded on changes to the Califomi
trading miles to avoid looping trade.
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Them aln datasets In the study are:

e Published data fiom the U S.D gpartm entof Energy survey form ETA -826;
o State kevelelectricity sales (B lectricity dem and)
o State kevel electricity revenues.
¢ Reported ndividualdata from the ETA 826 and ETA 861 survey fom s;
o State kvelelectricity sales E lectriciy dem and)
o State kevel electricity revenues.

PARTTI
INTRODUCTION

A s the need for Im proved forecasting efficiency grow s, so does the need for consistent and m ore accurate
data to feed such forecasts. Failure to produce clean data forreliable load forecasts could lead to
ernoneous expectations of future econom ic developm ents and, as a result, m istaken and expensive
Investm entdecisions.

W hile consistency is a desired property of tim e series data, accuracy is a desired property of survey
sam pling estim ates. This paperw orks w ith the in plied links betw een econom ics, statistics and
econom etrics and brings them explicitly nto the analysis arena.

D ata cleaning techniques are used to prepare data forpublication ; data cleanng refers to the system atic
use of listings and m ultple interactive and drill-dow n plots to identify erroneous data entries thatw ould
otheww ise bias survey sam pling estim ates and dam age tim e-geries consistency .

From a statstical sand-point, accutate estim ates are those w hich are notbiased by erroneous survey form
entries ditty data) . From an econom ic stand point, un-accurate survey sam pling estin ates could be
ernoneously assum ed t© resultfrom tim e series shocks due to a structural change n the econom ic
landscape. O urresearch seeks to place these relationships in perspective.

The data preparation techniques inclide the Iinking of cross-sectional and tim e seriesm odeling . T theory,
In provem ents t© htra-tem poral or cross-gectionalm odeling should i prove ter-tem poral data
generation processes of sate and regional electricity sales and revenue estim ates. Exam ples that illustate
such potential in provem ents are provided forthe states of A rizona, D elaw are and K ansas, tonam e a few .

Thtra-tem poralm odeling refers to m odeling undertaken w ithin a sam ple period and is betterknown as
cross-sectionalm odeling . The In putation system sused n U S . D epartm entof Energy suxvey form sETA -
826 and ETA 861 are exam ples of cross-sectionalm odeling’ . Intertem poral refers to “across sam ple
periods” and isbetterknow n as tin e series. The higtorical data lines of revised ETA 826 and ETA 861
estim ates, dating back from their nception untl today, are exam ples of tim e series.

Co-ntegration isa tim e series technique used to estim ate short-and long-tem relationships am ong

m odeled variables. Instead of only using inform ation found In the long-em span of a variable to

determ ne statistical inference, co-ntegration uses both short-and long-tem  nfom ation t m odel long-
term forecasts as a function of shortterm adjustm ents and Iong-tem trends. C o-ntegration uses firstand
second m om ents inform ation found in the targeted variables. These referto the m ean, m edian and

? Please referto published ETA 826 foran example. The m ethodology underlying the cunent system was
developed by Jam esKnaub, ETA , and is docum ented In hism any references
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variance of a variable’s levels and differences. Forexam ple, these differences can be In term s of m onth-
to-m onth variations.

M odem, m ore accurate and efficient forecasting techniques such as co-ntegration require thatdata not
only describe each sam ple period’s cross-sectional level value and som e overall Iong-term trend butalso
consistently describe the tin e-series path as a serdes of shorttem =lations. n otherw oxds, several cross-
sectional cbservations orm onths can only be consistently 1inked in a tim e-series process if they are
pooled from the sam e universe and are based on an accurate cross-sectional in putation m odel.

Thispaperuses a general-to-specific approach’ t© data analysis and greatdata detail, and tdes to separate
data driven shocks from econom ic ones. tattem pts to shed som e Iightonto the sources of the m odeling
and survey outcom e disagreem ents, w hetherthey are atiributed to data enrors or failed expectations.

DATA DESCRIPTION

The subjectdata are the published and 1evised ETA 826 (described In detailbelow ) estim ates. Th a given
year, EIA -826 and ETA 861 (@lso described 1n detailbelow ) data are cleaned and evised. ETA 826 da@a
are then adjusted to the ETA 861 state levelby m ultiplying each ETA 826 state levelestim ate by its
corresponding sate kevel ETA 861 /£ A 826 mato.

The form ETA 826, "M onthly E lectric Sales and R evenue w ith State D isrbutions R eport,” collects
fom ation from  electric utilities, energy service providers, and distriution com panies that sell ordeliver
electric pow erto end users. D ata collected on this form nclude sales and revenue forall end-use sectors
(residential, comm excial, industrial, and transportation) . The Form ETA -826 is to be com pleted by those
electric utdlities, energy service providers, and distribution com panies that sell ordistribute electric pow er
to end users and have been selected t© report electric energy inform ation on am onthly basis. The setof
respondents forthe Form ETA -826 isa cut-off sam ple’ of respondents chosen fiom the respondent fram e
of the Form ETA 861, “AnnualE lectric Pow er lhdustry R eport.”

Fom ETA 861, “AnnualE lectric Pow er Industry R eport,” collects Inform ation on the satus of electrdc
pow er ndustyy participants mvolved In the generation, transam ission, and distribution of electric energy m
the United States, its territories, and Puerto R ico . The data collected on this form are used to m onitorthe
cunent status and trends of the electric pow er ndustyy and to evaluate the future of the Industyy. The
ETA 861 isa census of the pow er industry com panies on the fram e.

D ata w illbe review ed In detail from 2000 and forw axd; gained nsights w ill then be applied t© the whole
Series starting In 1990.W ith this, w e w ish to first isolate satistical noise due to recentderegulation
exerciges and then com pare if the perform ance of cunent in putation techniques changes due to de-
regulation.

SUMMARY OF M PUTATION SYSTEM S

A samplk of the ETA 861 universe is required to report sales and revenues levels on a m onthly basis
through form ETA -826. A fierthe data are subm itted overETA ‘s IntemetD ata Collection (IDC) system , a
group of data analysts com pares the new num bersw ith previous ones via nteractive analysis tools in
orderto catrh and conectdata enors before publication . O nce this is com pleted, the subm itted data are
sentto the In putation system .

® It is cunently assum ed that cut-off sam pling perfom s better for skew ed populations w ith a few large and
m any hard to reach am all electricity producers such as the population of electricity generators n the Unied
States.
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The in putation system * forthe ETA 826 isused to provide estin ated values fornon-sam pled EIA 861
fim s asw ell as Incom plete regoonses and values that fail editing. See graph 1 below foran exam ple.

The system itself utilizes the m ost recently finalized ETA -861 data as a regressor valie against curently
r=ported ETA 826 monthly data. Reported state level values are subsetted Mito stratification regional
groups forestim ation purposes. W eighted regressions are applied t© each estim ation group, and estim ates
foreach non-sam pled ETA 861 observation @tthe plantand state level) are produced.

Ifa fim doesnotresoond to the ETA -826 m onthly survey, or if their reported value isdeem ed
questionable, then the estim ated values are used In place of the reported ones. If a plant isnotrequired to
r=port ETA 826 data, then theirestim ated values are also used.

G 1aph 1: Colorado Comm ercial Sales orG eneration show s the published estim ates in red and the reported
data In blue. The spread betw een both Iines is the area estim ated forby the I putation system . See how
the spread is constantw ith the exosption of a single data point, w here one orm ore non-respondent’s

m issing values w ere resolved by the In putation system .

G raph 1: Colbrado Com m ercial G eneration

Colorado Commercial Generation
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ANALYSISTOOLSDESCRIPTION

Them ain analysis tools are nteractive plots thatallow analysts t© select ndividual points n a plotto
cbtain specific nfom ation from thatpoint. h addition to this, the analyst can elim inate the case of the
plot, the plotw ill then re-adjust itself to allow the annalistto see otherdata points thatw ould otherw ise be
visually unavailable. Th addition to this, a drill-dow n plotsystem w as designed and is curnently being

In plem ented t© analyze each of the ETA 826 and ETA 861 datasets and dentify whatm onthly estim ates
need to be review ed first.

Thisdrill-down plotsystem allow s the userto view and nteractw ith a data analysis outputs to review
specific data sum m aries and plots fora given occurrence of the cross-sectionalm odel. The summ ary
tables and plots are broken up by sectorand schedule and contan several nteractive featiires. W hen the
user clicks on one of the points n the plot, they are 8rilled 'dow n further into the data, w here sum m ary
tables and plots are displayed.

The drill-down plotsystem w ill ilncorporate the use of the analysis tools below :

* The m ethodology Incorporated nto the in putation system w as developed by Jam es K naub and is docum ented
I his extensive listof references.
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Thtertem pomldata m anipulation as the source of tim e series plots.
o D rll-down plots starting on revised en-826 /861 estn ates
o M onthly and annualdum m y param eterdata base
o ListngsofEIR -861 greatestdifferences
= Levels
e EIA-86lYearvs.Year
e EIA 826M onthandYearvs.M onth and Y ear
e ETA 826 TotalM onth and Y earvs.TotalM onth and Y ear
®*  PercentChange
e EIA86lYearvs.Year
e EIA-826M onthandYearvs.M onth and Y ear
e EIA 826 TowalM onth and Y earvs.To@alM onth and Y ear
o Listng of EIA -826 greatestdifferences
= Same Levelsand Percent Change as Above
o0 EIA-826 Scatterplots

= Levelsvs. levels scatterplots are used t© com pare tw o reported values

from the sam e respondents.

®  Percentchange vs. level change Scatterplots are used t© analyze
ndividual percent changes w hile nom alizing for the m agnitude of the

change itself.

= Levelchange vs. change m arket share scatterplots are used t© analyze
Individual level changes w hile nomm alizing for the effect the change

hason the totalestim ate.
o EIA 861 Scatterplots

= Levelsvs. levels scatterplots are used t© com pare tw o reported values

from the sam e respondents.

®*  Percentchange vs. level change Scatterplots are used t© analyze
Individual percent changes w hile nom alizing forthe m agnitude of the

change it=elf.

= Levelchange vs. change m arket share scatterplots are used © analyze
ndividual level changes w hile nom alizing forthe effect the change

has on the total estim ate.
Useof ETA 861 Inputation to resolve visual outliers and m issing observations.
Useof ETA 826 Inputation to resolve visual outliers and m issing observations.

ANALYSISOUTLINE

The first step In the analysis processw as to recreate ETA -826 published data 1n a single In putation
m ethod. Up to this date, only observed data and total estim ates have been available, and different
In putation m ethodologies have been used in different survey years, m aking cross-com parison difficult.

N o de-aggregated in puted data are availble, and previous in putation system s” are not fully

docum ented . Luckily, recreated ETA -826 tim e series data w ere significantly sim flarto published

estim ates although slight differences w ere persistent.

The second step 1 the analysis of historical data w as the visual com parison of the new ETA 826
published data to identify areas w here contradictory EIA 861 /£ 1A -826 matios exist. Futire w ork w il

> W hile inputation m ethodologies have been extensively docum ented by Jam es K naub, in putation system

docum entation has notbeen fully docum ented from yearto year.
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m ake use of the m onthly and annual dum m y patam eterdata base to dentify only those plotsw ith
significant contradictions in the EIA 861 /& 1A -826 ratios.

The obective n the second step w as tw o-fo1d : 1o provide consistent detailed in putation and prediction
data outoom es currently unavailable, and to see if the use of different In putation m ethods across years
acoount for som e of the observed shocks n published estin ates. The resulting data show s thatpublished
ETA 826 data is consistentw ith the new m odeled data and that the use of different in putation m ethods
across years has not, up to this point, been the source of the cbserved shocks in published estim ates.

The ETA 826 in putation system created new estim ates Tn the follow Ing w ays:

e Foreach month and year In the study, w e 1an the finalized ETA -826 Im putation system using
finalized previous yearE A -861 data as the regressordatz’ .

12

e Each satemonthly EIA -826 estim ate w illbe m ultplied by the EIA86 ZEJA826 mto o
1

create thenew EIA 826 data lines.

The third step w as to detectoutliers and influential cbservations in the universe data m ETA 861 and to
replace these outlying observed values w ith predictions based on the cunentETA -826 In putation m odel.
The step’s objective w as to test if som e of the tim e-series noonsistencies m ETA -826 w ere not tim e-series
shocks of an econom ic nature.

The fourth step w as to run the I putation m odel from step one w ith the new regressordata outlned m
step three. D rll-down plots w ere used t© Ingpect the sate estim ates.

The results w ere positive overall. O f the 51 states analyzed, A rizona’s 1999 ndustrial sectordata,
Delaw are’s 2001 and 2002 com m excial sectordata, Idaho’s 2004 comm excial and ndustrial data,
Oklahom a’s2004 comm ercialdata, Iidiana’s 2001 comm erxcialdata, K ansas’ 1996, 1998 and 2001
hdustrial sectordata, N orth D akota’s 1995 and 2001 comm ercialdata, N evada’s 1998 and 1999
dustrialdata, O regon’s 2000 ndustrial data and W ashington’s 2000, 2001 and 2002 industrial data
show ed in provem ents.

G1aphs 2,3 and 4, below , show Comm ercial sectorelectricity dem and estim ates. The blue Ine represents
published estim ates w hile the 1=d Ine represents the altemative dem and estim ates as outlined In step two.
G 13ph 2 show s the Jong tem trend w ile graphs 3 and 4 D rill dow n into the year 2002 and 2003 to closely
nspectthenew trends.

G raph 2:0 klahom a E lectricity Sold to the C om m ercial Sector

¢ In practice, regressordata is only used after ithas been finalized; as a result, tw o-yearpriordata isused o
In pute and publish m onthly prelin hary estim ates. Finalized EIA -826 data is re-in puted O nce one-yearprior
data is finalized.
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fag ***EA~B51 m-cslmeled ***Orignel
G raph 3:2002 O klahom a E lectricity Sold to the C om m ercial Sector
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One effect isdisplayed in graph 3. Thenew EIA 861 /£ 1A 826 mtio changes them ean of the ETA -826
data.D rills dow n tools attribute this to change t© the r=-estim ation of tw o observations. H ow ever, only
the m arket chare of one of them changes considerably fiom 38 44% t©0 41 16% .The second fimm ‘s

m arket chare changed fiom 38.74% t© 37 46% .

G raph 4: 2003 O klahom a E lectricity Sold to the C om m ercial Sector
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Tw o effects are digplayed In graph 4 .0 n cne hand, the effect from the E1A 861 /£ IA 826 rato changes the
mean n ETA -826; on the otherhand, in proved 2002 (see graph above) rgressordata has also an effect
on the overall seagonal pattermn . The difference betw een both Iines is of roughly 200,000 in January and
300,000 during the summ er. A coording to the drilldown system , tw o observations changed during 2003 .
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One saw itsm arket share changing from 44 91% t© 39.07% while the second one changed from 36 27%
0 38.78% .

W hile the level change seen in graphs 3 and 4 is attributed to changes n the sam e yearEIA 861 /&£ 1A 826
1atos, the m onthly net change in graph 4 is attributed to changes 1n the 2002 regressordata. This ndicates
that ETA 861 data has tw o In portanteffectson EIA -826 data.ETA 861 notonly providesw ith a fiam e
bench m ark but italso provides nfom ation w ith which m id+tem trends are estim ated..

Th addition to this, Colorado’s 1994 ndustrial sectordata, M aryland’s 1995 comm excial and industrial
data, M ontana’s 2001 and 2002 industrialdata, New Jersey’s 2000 ndustral data, Pennsylvania’s 1999
and 2000 ndustrial data, South D akota’s 2001 Industrial data and Tennessee’s 1999 comm excial da@
show discrepancies or inform ation lags betw een survey form sETA 826 and ETA 861 . These discrepancies
are characterized by lags 1n the perceived shocks. Forexam ple, w hile currently published data show sa
large shock from D ecember1993 to January 1994 altemative estim ates show how this shock is
“ransferred” happens from D ecember1994 t© January 1995.

G 1aph 5 show s sales electricity to the industrial sectorin Colorado . W hile the ETA -861 in putation system
“corected” this trend n 1993, cbserved 1994 ETA 826 confimm ed the conrection w asnotnecessary .

A lthough, this leasthow we cunently nterpret the results additional analytical w ork isneeded to confim
these differences.

G raph 5: Colorado E lectricity Sold to the Industrial Sector
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owa,New Jersey, O hio and Texas’ data show ed less consistency afterapplying the new n putation

m odels. Forexam ple, graph 6 show s sales of electricity to the lndustrial sector n Iow a. The use of the
ETA 861 inputation system creates considerable changes to the tim e-series data during 1994, 1995, 2002
and 2003 . Contrary to the in provem ents exem plified n graphs 2 through 5, application of these m ethods,
do notprovide w ith sm oother seagonality processes through out. H ow ever, although 1994, 1995 and 2002
m onthly estim ates do notkeep w ith “aend” the 2003 trend w as in proved . A sa result, the results n Tow a,
New Jersey,Ohio and Texas arem ixed.

G raph 6: Iowa E lectricity Sold to the Industrial Sector

N ancy K rkendall @ L indolfo Pedraza @ Joe Sedransk 9



GEN Bty
130000
120000
11000
1000080
900000
80000
70000
600000
50000
40000 T T T T T T

OUANR  OUANM  ONANG  ONANG  OUANDD  DHAMR  O1AN

DATE

feg  *** EA-061 re=estimeted  *** Origirel

The fifth step of ouranalysis focused on the detection and treatm entof cutlierand influential cbservations
M ETA 826 m onthly data. Tw o altemative m odels w ere com pared . The firstm odel considers outlierand
nfluential observations as erroneous data and overw rites the values w ith In puted ones as in the third step.
The second m odel considers outlier and mfluential cbservations as independent to the In putation m odel
and extracts them off the in putation m odelbut includes them forestim ation proposes.

W hile the firstm odel sin ply assum es Inconectly reported data, the second assum es that though the data
m ay be correct, they do not represent the behaviorof the em aller com panies. Hence, the second m odel
Thoorporates m icroeconom ic theory to adjust the in putation m odel.M annly, the in putation m odel

assum es outlierand influential observations to e oligopolistic com petitors. That is, large fim shave a
com petitive advantage against am aller firm s. A s a result, the am aller fivm s chooge not to com pete w ith the
largerm ore com petitive firm and w aituntil the large firm reaches its capacity . lnstead, am all firm sw i1l

m ove t© com pete forthe residual dem and w ith firm s of sim larsize.

The results are m ixed in this cage. Both m odels repregent tw o extrem e positions. W hile the firstm odel
tends to flatten seasonal pattems, the second fails to conrect form issing observations orgrossly
erroneously reported values.

Tw o conclusions are taken from this. First, detecton of outlierand mfluential observations and autom atbc
treatm entof those obsarvations, w hile useful and llustrative, does notprovide a global solution to prepare
pre-publication data. H ow ever, the use of autom atic detection tools can greatly i prove the perform ance
of otheranalytical tools such as nteractive scatter plots by pointing analyst tow ards those estim ates of
greatest In portance. W e are cunrently seeking altemative satistical constmicts t continue testing

autom atic outlier detection tols to aid In the In plem entation of nteractive scatterplots.

PART IT:
ESTIMATION MODEL ANALYSIS

W hile the firstpartof this study evaluated the overall sate of existing data and the perfom ance of current
In putation m odels, the second partof this study focuses on the fimdam ental theory underw hich current
In putation m ethods are based .

Them ain topics cunently underreview are outlined below .

e  Statification
o0 Seasonality /geography
o Econom ics /geography
e A ltemative estim ation equations
N ancy K rkendall @ L indolfo Pedraza @ Joe Sedransk 10



o Ownership nfom ation.
e M odelstucture
o A ltemative heteroskedasticity assum ptions
= Gamma b
= Gamma 8
= 2WLS
®*  Seem Ingly Unrelated R egressors

Thispartof this study w illm ake use of econom ic theory to fom alize m odeling strategies and the
selection of optim alm odels. Statistical theory w ill e used to form alize the econom ic problem and
solution asw ell as organize and presentresults.

Cunent in putation m odels use satification to control fordifferent seasonal pattems in regional
electricity dem and and w eighted regression t© control for heteroskedasticity . H ow ever, these technique
assum es the sam e param eter estim ates apply t© each sate In a given strata .M oreover, econom ic grow th
and seasonal patens are com bined 1 these param eters. Th addition to this, each strata-m odel com bination
is estim ated independently of each other.

Consideras an alternative equations 1 and 2 below :

Equation 1 r-7 1 - T 7 -7
Y, X, 0 0 O yox
|0 . 0 0], te
0 0 0
1Y.] |0 0 0 X_ | |[A.]
Equation 2 Y, a, X, 0 0 O B,
_ 40 - 0 0 te
O 0 .. O
Y. %] o 0 0o X | [A.]

Th equations one and tw o, n refers to each of the states in a given statification group and each Y n Y,

referto the reported data value () from each sam pled firm thatreportto ETA 826 . Equation 1 isno more
than the m atrix’ representation of current in putation m ethods; equation 2 sin ply ncludes an ntercept
tem . Both m odel representations are “fixed effects” m odels. W ith the second m odel, w e could test if the
ntercepts are allequal to zero and if sates’ param eters are different am ong them selves. W e are cunently
In plem enting the testing procedures to evaluate this assum ption am ong others.

Considerequations 3 and 4 below .

Equation 3

e 0) (ee’ 0 o 0
0 0 0 0
e= ~ N ,E =
- e o7 — 0 0 .. eg' 0 0 ..o,
Running this regression In m atrix form would produce the sam e outtom es as munning each stata-equation

separately.
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Equation 4 e 0 ge ' .. g o, S o

€ 0 eeg' ' ... gg' c, O

n

Equations 3 and 4 describe the distribution properties of the residuals from equations 2 and 4, and
rEpresent alternative assum ptions n equations 1 and 2 . The key difference betw een equations 3 and 4 is
that in equation 3 the off-diagonal covariances e, w here jand k are different) are assum ed t©

equal zero. That is, equation 3 doesnotallow for nform ation feedback acrossm odels. Equation 4
doesnotm ake the sam e assum ption.

To resolve this, the Seem Ingly Unrelated C oefficients (SUR ) approach w as used to nclude
covariance Inform ation In equation 44 to estim ate param eters efficiently . A s a prelin nary test,
w e Instum ented SUR Into cunently used in putation m ethods w ith Interesting results. These
results have encouraged us to continue ocurresearch.

An additional step In ourresearch is to replace existing stata w ith either FERC orSub-FERC
regions, sum m ary results are forthoom ing. Table one below outlines cunrent statification

assum ptions, FER C regions and sub-1egions.W e resolved foroverapping satesw ith the use of
population data as an Instum entalvariable. N ote thatw e presented a different statification
schem e forresidential consum ption at the Spring 2005 m eeting of the A SA Energy Comm itee.

Tablel
STATE STRATA NERC SUBNERC
AK AK AK AsSCC
AL SEA SERC SUTHERN
AR SOU SERC ENTERGY
AZ SW E W SCC AZNM
CA W ES W SCC CA
CO SW E W SCC RM PA
CT NEA NE ISONE
DC NEA MAAC MAAC
DE NEA MAAC MAAC
FL SEA FRCC FRCC
GA SEA SERC SUTHERN
HI W ES HI HI
iny NEC M APP M APPUS
D NEW W SCC NW PP
L CEN MANN MAIN
N CEN ECAR ECAR
KS SOU SPP SPPN
KY CEN ECAR ECAR
LA SOU SERC ENTERGY
MA NEA NE ISONE

Nancy K rkendall @ L indolfo Pedraza @ Joe Sedransk
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MD
ME
MI
MN
MO
M S
MT
NC
ND
NE
NH
NJ
NM
NV
NY
OH
OK
OR
PA
RI
SC
SD
TN
TX
uT
VA
VT
WA
WI
WV
WY

Nancy K rkendall @ L indolfo Pedraza @ Joe Sedransk

NEA
NEA
NEC
NEC
CEN
SOU
NwW C
SEA
NwW C
NwW C
NEA
NEA
SW E
W ES
NEA
CEN
SOU
NEW
NEA
NEA
SEA
NwW C
CEN
SOU
SW E
SEA
NEA
NEW
NEC
CEN
NwW C

MAAC
NE
ECAR
M APP
MAIN
SERC
W SCC
SERC
M APP
M APP
NE
MAAC
W SCC
W SCC
NY
ECAR
SPP
W SCC
MAAC
NE
SERC
M APP
SERC
ERCOT
W SCC
SERC
M AR
W SCC
MAIN
ECAR
W SCC

MAAC
ISONE
ECAR

M APPUS
MAIN
SUTHERN
NW PP
VARCAR
M APPUS
M APPUS
ISONE
MAAC
AZNM
NW PP
NY
ECAR
SPPS

NW PP
MAAC
ISONE
VARCAR
M APPUS
TVA
ERCOT
NW PP
VARCAR
ISONE
NW PP

M ain
ECAR
NW PP
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The prelim nary findings of the first STRATA based SUR m odel can be subsetted In three groups.

e Estm ation in provem ents;
e Stmcturalchanges; and
e Both estin ation In provem ents and stuctural change.

E stim ation In proven ents are those w hich performm ed better than both outlierdetection m odels above.
Strictural changes are represented by those states forw hich the m odels broke dow n on oraround the
years 0£ 2000, 2001 and 2002 .Both, refers to those sates that show ed both cases at differentpoints in
tine.W e are cunently crossreferencing the states w ere the m odels broke dow n to confim ordeny if
these m odel’s break-dow n could be indicative of stuictural change in the ndustry .

G 1aphs 7, 8 and 9 are exam ples of our findings. G raph 7 show show a stucturalbreak in the orignal
estim ates w as am oothed w ith SUR . N ote thatno outlier detection tools w ere used and that the break is
present in published estin ates and both altemative in putation m ethods.M oreover;, the sam e sam ple and
regressordata sets w ere used o estim ate both lnes as show n In the second graph . The use of the D rill-
dow n tools show show the brake ispresent n the orighaldata.

G raphs7:New M exico E lectricity Sold to the Industrial Sector
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G 1aph 8 show show outliers that could notbe conected In previousm odel mins w ere corrected. for. The
graph also show show them odelbroke down In 2002.W e are currently in plem enting outlieranalysis
tools nto existing drilldow n system s to nterpret the outliers.

G raph 8:New Y ork E lectricity Sold to the R esidential Sector
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G raph 9 also show show the Califomia m odelbroke down in 2001.

G raph 9: Califomia E lectricity Sold to the R esidential Sector
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